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Data driven models in railway is well
trodden territory

Generate models from
data and knowledge
(model train)

... and use them to
make decisions on
real time data

(model predict)

Data size

Data velocity
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But here be the dragons!!, approaches
fail to scale
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“Through 2020, 80% of Al projects
will remain alchemy, run by wizards
whose talents will not scale in the

organization.”
— GARTNER
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What analytics can be performed on
rallway?
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Analytics and expectations also
change

‘What's the best action?

Hrescrrds What action could be taken?

Predictive
What could happen?

Diagnostic
Why did it happen?

Descriptive

‘What has happened?
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Types of data
analytics

Descriptive
Analytics

Group historical

data according to
their similarity

Reports
Mapping
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Descriptive  analytics

4.5
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Types of data
analytics

Diagnostic
Analytics
Descriptive

Analytics .
v Determine cause

of successes and

Group historical failures
data according to
their similarity

Statistical analysis

Queries
Reports Data Mining
Mapping
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Diagnostic  analytics
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Types of data

analytics

To Educate and Inform

A

Descriptive
Analytics

Group historical
data according to
their similarity

Reports
Mapping

Diagnostic
Analytics

Determine cause
of successes and
failures

Statistical analysis
Queries
Data Mining

Predictive
Analytics

Learning from the
past to find out
trends, standards,
correlations.
Anticipate the
future.

Machine learning,
Simulation,
Forecasts
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Types of data
analytics

To optimize

A
4 ™

To Educate and Inform

A

Descriptive
Analytics

Group historical

data according to
their similarity

Reports
Mapping

Diagnostic
Analytics

Determine cause
of successes and
failures

Statistical analysis
Queries
Data Mining

Predictive
Analytics

Learning from the
past to find out
trends, standards,

correlations.
Anticipate the
future.

Machine learning,
Simulation,
Forecasts

Prescriptive
Analytics /
Decision Support

Provide better
options based on

forecasts. Show
implications of
each option.

Optimization,
Decision models,
Planning
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Types of data

analytics

To Educate and Inform

AL

To optimize
A

Descriptive
Analytics

Group historical

data according to
their similarity

Reports
Mapping

Diagnostic
Analytics

Determine cause
of successes and
failures

Statistical analysis
Queries
Data Mining

Predictive
Analytics

Learning from the
past to find out
trends, standards,
correlations.
Anticipate the
future.

Machine learning,
Simulation,
Forecasts

—

Prescriptive
Analytics /
Decision Support

Provide better
options based on

forecasts. Show
implications of
each option.

Optimization,
Decision models,
Planning

/3,

To decide
AL

-

Cognitive
Analytics /
Intelligent
Autonomous
Actions

Al systems that
learns from
actions, finding
correlations, and

learn from

outcomes.
Autonomous
operations.

Artificial
Intelligence

Reduced human
intervention

Take direct action

N
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The way forward

Self-Learning and Completely Automated Enterprise

Computerized Human Thought Simulation and Actions Cognitive
Towards Autonomic Enterprise Analytics

Prescriptive

Simulation-Driven Analysis Analytics
and Decision-Making

Mature Data Lake .
Predictive

Analytics
Foresight—What Will

Happen, When, Nof/New-SQL, Mature In-Memory DB
and Why and Processing, Early Data Lake

Diagnostic
Analytics Insight—What Happened and Why

Enterprise Data Warehouse,
In-Memory DBs + Processing

Descriptive Hindsight—What Happened

: Files, RDEMS, ODS,
Analytics Early Data Warehouse, OLAP

SILOED VIRTUALIZED/INTEGRATED APPLIANCES
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be performed?
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Edge agents versus cloud
centralized

Sends data or meta data to cloud

e e (s

Stores data locally Runs or trains ML models on the edge
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First: Connect the data
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Next: Connect the solutions
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connect the fleet
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Decentralised computing enables scalable data-driven
solutions in 1IOT

Connected solutions

Connected data

Connected models
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Al workflow @edge

Parallel data
ﬁ Train ‘ Export
U Model Model

Update mode/

Execute
Result

Sensor data —

Serial data
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Huge gap between data science
and O&M

“I need strong,
transparent insights to
improve my daily
decisions.”

“I need to deploy models
into live business
environments.”
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What can | see in my data?

Now casting Forecasting

1) What has happened 3) What will happen

2) What is happening in the future
4) When will it

Health index Remaining useful life pp r}\llaintenance,
calculation prediction when needed
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Domain knowledge and physics
sometimes IS not in the data

Future unknown
damage states

=1
!'-n-h\“ )

| Known history &
current damage
states

“I need strong,
transparent insights to
improve my daily

damage state

“I need to deploy models decisions.
into I.ive busineis
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The method, let us twin
reality

specific |

€ Per assetmodel € Continuouslytuned J€) Scalable § @ Adaptable

Inspection
Optimization

Inspection
Delay &
Avoidance

that coi

Work
Planning

Workscoping
Maintenance.
Repalr, Inventory
Workforce /
Inventory
Planning

Work
Optimization
Optimize Shop
Maintenance

Outage Mgmt &
Reduction

Service
Optimization

Shop & Region
cost reduction +
Per Asset Fleet
Mgmt

into each asset to deliver

Design Impact

Design for
Service

Design for
Performance

New Service
Creation
Optimizing

Controls
Operations
Optimization (N+1)

Business
Optimization (N:2)

LULEA
TEKNISKA
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The twin

dsS a

service
provider

Atmospheric
Data

Operational
bata

Inspection&
Repair

Site Events

Reliability Capacity

Emissions

Business
Optimization

Operations
Optimization

Asset
Performance
Management

~_Advance

Gaontrols/Edge
Computing

LULEA
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Digital Twin: A virtual
Instance for services

Product Model & Location by Customer

\

Market
Model Model Mode!
A B C
Location 1 Location 2
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Enterprise
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* Performance
Market ’ ~ Sales & Marketin
+ Geographies a As designed
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) r Engineering -
+ Usage 8
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* Bvents maintained
+ Incidents
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Digital Twin Insights Beneficiaries
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Digital Twin Solution Architecture
? Py th,

Customer unique ) Tailored services
Fleet aware Real-time

r N
v
4
-

SMART CONNECTED PRODUCT DIGITAL TWIN PLATFORM DIGITAL TWIN SERVICES

ﬁ Computing Platform, Design and innovation
Sensors, Connectivity

insights, actions

Engineering, simulation &
visualization platform

/7 Connected services, _ _, Cognitive services & L _ Integrated customer
g g
V4 data and capabilities ; business intelligence ; support and field service
Cloud Cloud
Joinable with
other devices

connected connected
Manufacturing, supply

Enterprise intelligence & chain and quality

system integration performance

Digital thread
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Digital twin
based on OT
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Failure Threshold I.
I_"%af?ty Margin” P i

Extrapolated Trend (based on a
fault propagation model) “""“Hy’

Trending Parameter (a)

Diagnostics Prognostics
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Digital twin based on OT
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Machine Maintenance
Analytics

On board Wireless System
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What about IT systems?
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Taxonomies and
ontologieS
chLch

subClassOf
subClassOf
FailureCause

‘ FailurcEffeet i o
subClassOf
subClassOf SubassemblyLevelFailureCause
subClassOf subClassOf

System  fe—isPartOf— Subassembly

Ls} artOf isPartOf

Dcuc» subClassOf  subClassOf

>ub( lassOf subClassOf

EquipmentComponent

theSameLevelOf

/{ CompensatoryMeasure
ionFor

becauscOf happenedAt

{heEffectls.
= FailureMode

subClassOf

2N SubClassOf
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t

EndEffect
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Rulel
FailureModé?x) “hasHappenetPx, true) * Device(?y) »

happenedAf?x, ?y) ‘FailureModé?z) theEndFffectl§’z,

B o TN 2x) "FailureModé?a) "theHighEffecti@z,

4 e L‘\ meso ?a)2heDirectFailureCauséRx, ?a) ‘hasHappene(Pa, true)
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TRANSFORMATIVE MAINTENANCE
SOLUTIONS Integration & Application of
Technologies

DISRUPTIVE
TECHNOLOGIES
Transformative Technologles
(predictive and prescriptive
technologies)
—‘
Optimizing Technologies
(predictive technologies)
y> —

Supportive Technologies
(prescriptive technologies) \

I'T




tecnalia J
Digital twin OT/IT integration

Sensor
Value
Indicator

Sensor
Value
Indicator

Asset Date
Component
Severity
Rari

Tagging >

Database

I'T

Collected Single Metadata
Source Relational Enhanced
Data Database Database

Analysis )

p
~ )

\

\

Sensor
Value
Indicator
Fault

Action /

Results
and Case
Studies
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Digital twin OT/IT integration

Technical services

-

.~

A Truck scheduling
On board Wireless System . .
Machine Maintenance

Analytics
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The Way Forward

All Digital
Data

Context
Engines

Sensemaking
Algorithms

Computing Power Growth

Time

LULEA
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Context -aware Maintenance
Decision Support Solution

igital twin based on context

Information Knowledge Context

From data to information, Train/Ground communication

Train events
Train status

Trainp si/rcm
/—\
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Let us be careful bigger = smarter?

LOOK INSIDE!

Atolerate errors?
. _ BRAEIWS "I«
Adiscover the long tail and corner LIE WITH

cases? STATINTIC(S

Amore data, more error (e.g., S
semantic heterogeneity)

Astill need humans to ask right
guestionsJack of analytics
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Black Swan Losses

ALoss Distribution

ATail events are rare
G very little data V.

ATypically strong &
model assumptions
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Data driven or model based?

Data-Based or Physics-Based
Models? — That is the question!
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Evolution of the Process

Knowledge
Capture

Design & Validation of
products

Integration of Product
Design and O&M

Technological Advance

80s 90s 2000 2016e. .
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Hybrid & Context Driven Services

* SPhysics Hybrid models
of failure
based

Context Driven
Services

Context Awareness
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Digital twin hybrid

DISRUPTIVE
TECHNOLOGIES

—

Transformative Technologies
(predictive and prescriptive
technologies)

_-‘“

Optimizing Technologies
(predictive technologies)

_“dJ

Supportive Technologies
(prescriptive technologies)

-
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Digital twin hybrid

vossioh . ..

PRODUCTS & SOLUTIONS INVESTOR RELATIONS CAREER PRESS

3 Products & Solutions Innolrans 2018
Digital Turnout Vossloh focuses on Digital Turnout Management and inspires with digital
Management innovations and platform solutions. Forwardlooking IoT sensors not only
serve as a data source for realtime analysis that reflects the current state of
rail and track systems: their microprocessors preguatifytr —Wrtual

provide insights into the functional and service divé
the example of the Easyswitch MIM-H point machine.

Digital Twin




Methodology

Identify failure modes of Egquipment units,
Subunits, Components and Parts based on
the Taxonomy

Analyze failure effects / causes

e

Classify failure effects by severity

& o

Perform criticality calculations

<

Rank failure mode criticality

<

Determine critical items

Identify means of failure detection, isolation
and compensating provisions

Document the analysis. Summarize
uncorrectable design areas, identify special
controls necessary to mitigate risk.

4

Make recommeaendations

¥

Follow up on corrective action

implemeaentation )/ effectiveness

Taxonomy

v

FMECA Analysis

(failure maode
identification)

Relate available

modes

Identification of possible modeling
methods for failure identification

l------------1--------_---4

Critical system, sub-system,
componaent identification

Diganosis/Progonosis

. 4

Condition

LULEA
TEKNISKA

ldentification of the system for the
analysis

h, J

Survey for the functionality of the system

v

Identification of the Equipment units,
Subunits, Components and Parts

Complete Taxonomy creation

variable with failure _.-l

Ildentify the measurements for the detection
of failures

ldentify the available variablaes and
parameters in the system

Exploration of possible data extraction form
variables

Sensitivity analysis for the detection of failure
modes from awvailable variables

Analysis of indirect monitoring of failure
modes through variables

MNMaintenance

Monitoring

Planning

UNIVERSITET
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OFFLINE PROCESS:
VIRTUAL COMMISSIONING

Historical
records

Cloud computing

Physics- Synthetic Pre- Feature
based model data processing extraction

Maintenance
B R LR LR L L et ]
D |
() N
()
! |
,,,,, L___ -
CONTEXT e S Maintenance
I Ty 1 | action
. Lyt 1
Phy5|cal ! J CM Pre- Feature Failure 1 Trend Risk isk mitigation’
asset - —data_ — = =pLocessi o - ion. ian— |~ analysis assessment [ actuator

ONLINE PROCESS:
OPERATIONAL LEVEL ANALYSIS
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Application of

ra-i |Way O&M information
twins g

Data loop
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Virtual
commissioning
services

N

Design feedback
loop

Virtual assets
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Service/Repair Shop
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Focus on value &
speed of delivery

Some hints

Good, well labelled

~§.- datais important, but

don’t wait for
perfection.

Ensure the ML output

adds value to the
O&M staff

LULEA
TEKNISKA
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Complex ML models
are not always the
best place to start
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Concluding remarl

ADigital twins and Hybrid
for virtual commisioningto
services

. .
ased o ta driven solution
ophic failures

sion is not possibieith bi

elare needed
iver O&M

nd data
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